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Motivation and Background LzMiD

Industrial Mulliphase

A Deepwater oil and gas production
such as BraziliaRPre-Salt(6 km
below sea level)

A High pressure, dense gases 6CO

A The density of liquid and gas of the
same order of magnitude

A In the petroleum industry. The flow
pressure drop holdup and heat
transfer are needed, to size the flow
lines, separation facilities arfidw .
assurance Highly dependent on the .
flow pattern.

Petrobras (2015)
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Motivation and Background e

A A fundamental difference between 9

singlephase and twphase flow is —
the existence of flow patterns
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Intermittent

A Flow pattern transition boundaries
are shown in flow pattern maps. ‘ — _ ]

Direction of flow — se——- ShOham O' (2006)
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A Good extrapolatio A Demands closure
predictions

A White-box model

A Low demand of
data

relations for specific
cases

Physicsbased
modeling

A Constant need to
update model for ne
conditions

A Poor extrapolation
predictions

A Black-box model
A High demand of dat

A Good interpolation
predictions

A Ei _ Datadriven machine
Find pattern in data learning

A Prediction improves
with data increase

(automatically)
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A Datadriven machine learning has high demand for experimental data and
difficulty of generalization.

A Physicsinformed machine learningi Integrate physics into machine learning
to improve the performance of the models and reduce the data demand- Hyb
physicsdata machine learning is used in this work.

A Objectives

A Evaluate performance for dengas/liquid flow pattern transition using a
phenomenological model and hybptysicsdata machine learning

A Effects on the data reduction available for training in the machine learning predic
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Dataset (8829 experimental points) L=MI
Reference Fluids L ‘ Q — " L/D Data points
’ [-]
[-] [-] [-] [Pa.g [mm] [°] [N/m] [-]
DvoraBarnea o5
Shoham & Taitel Air and water 815 0.001 -90to 0 0.0735 392 2400
51
(1982)
Yamaguchi and :
vamazaki (1984) Air and Water 828 0.001 80 -90 0.073 74 57
Barnea et al. (1985) Air and Water 815 0.001 éi 0to 90 0.0735 392 1783
Usui (1989) Air and Water 828 0.001 24 -90 0.073 100 110
Kokal and Stanislav . : 51
(1989) Air and Oill 715 0.007 76 -9to 9 0.031 328 1141
Crowley, Wallis and  Air, Water and 0.00035to 0.02to
Barry (1992) others 27.7 to 829 0.002 89 to 300 -2to4 0.076 200 to 2000 757
Ohnukiand AKIMOtO i ooy water 854 0.0008 200 90 0.0712 60 58
(2000)
Abduvaytet al. (2003) N{tl\r/‘;?eer”’ 42 0.001 106 0to3 0.073 188 204
e Air, SF6, 0.001 60 0.072 267
Kristiansen (2004) Water and Oil 15to 831 0.002 69 -0.1t0 0.1 0.0217 3145 113
Lee, Ishil and Kim i ondwater 122 0.001 51 .90 0.073 75 135

(2008)
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Dataset (8829 experimental points) L=MI
Reference Fluids L ‘ Q — " L/D Data
" points
[-] [-] [-] [Pa.§ [mm] [°] [N/m] [-] [-]
. 2 135
Ot andWater 828 0.001 3 90 0.073 103 258
(2011)
4 63
Almabrok (2013)  Air and Water 75 0.001 102 38 0.073 46 265
: . 0.032
Khalediet al. (2014) SFs, Oll 15.6t0 33.3 0.096 69 0 0.062 754 287
: Air, Kerosene 0.0013 to 0.028
Brito et al. (2014) and Oil 72.8t081.1 0.996 51 0 0.034 827 237
Shmuelj Unanderand SFs, Air and 18.4 0.001 0.02
Nydal (2015) oil 21.6 0.102 2 2 0.062 i =
Ansari andAzadi . 40 81
(2016) Air and Water 1033 0.001 20 90 0.073 46 377
Al-Ruhaimaniet al. : . 0.127
(2017) Air and Oll 108 0586 51 90 0.0357 423 83
Sa'jos(g'g{‘%A”tee Air and Water 304 0.001 1to3 0 0.073  120t0591 318
. : -90 73
Li et al. (2018) Air and Water 815 0.001 203 0 0.0735 37 172

Present work SFs and Ol 8 0.019 51 0 0.02 459 41




Parameter Medium pressurdoop [ Ambient pressurdoop
Testsectionpressure 15bar(a) 1 bar(a)
Temperaturgange 15°Cto 50°C 15°Cto50°C
Gasmax. volumetric flow 46304 TQ 26804 TQ
Oil max. volumetric flow 404 TQ 404 TQ
Watervolumetric flow - 40a TQ
Gas SFK; Air

Qll Lubrax turbina 22 Lubrax turbina 22
Water - Freshwater
Diameter 50.8mm and25.4mm 50.8 mm

L/D 459and 918 459
Inclination -90° to 90 -90° to 90°

(f EESC - USP

10



—————————————————————————————————————— (, EESC - USP

| OO
Experimental results for dense-gas/liquid '-=M@
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Phenomenological Model
A Transition model based omaitel andDukler (1976), Taitel et. al.(1980)

andBarnea(1987)

L=MI(J

Industrial Mulliphase

Flow Pattern Transition

Physical Transition

Transition Criteria
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Machine Learning Method l=Ml7D
A Random forest:
A supervised learning

A Composed of 250 decision Deliziel
trees an%fe%turriesﬁvx i PKA-RARS O
A Impurlty measured with Output label: Flow pattern
entropy criterion /\
DecisionTree#1 DecisionTree#2 DecisionTree#250
N PN _
A NA ALY 2
A The input features were A AT |80 O /\
normalized in the training of the

methods \ | /

A Implemented in Python 3.7 with Votling
Scikit learn library

Flow patternprediction
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Results i Flow pattern map

Hybrid-physics-data flow pattern map
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Industrial Mul

Flow Laborat
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A Densegagliquid flow pattern
horizontal, 51 mnpipediameter
with densityratio of 8

A Thephenomenologicahodel
tendsto underpredicthe
stratifiedregion

A Higherperformance fothe
hybrid-physicsdatamachine
learning
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Results T Effect of the data used for training

Considering the full database

A Start with 75%/25%
train/test split

A Reducing until only 2% of
the data was used for
training

Hybrid-physicsdata is more
robustness than the data
driven machine learning
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A Physicsinformed machine learning has improved performancefor the dense
gas/liquidflow patternpredictioncomparedvith the phenomenologicanhodel

A For a high quantity of data, the datadriven and physicsinformed machine
learningperformedsimilarly

A The reduction of available data for the training significantly impacted the
performanceof the datadriven machinelearning, whereasthe hybrid approach
hada performancesimilar to thatof the phenomenologicanodel
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